An algorithm was developed in this study, using rule-based fuzzy logic, to enable masses that are hard to recognize or detect in mammograms to become more readily perceptible. Small lesions, such as microcalcifications and other masses that are hard to recognize, especially on filmscan mammograms, were processed through segmentation. A total of 40 mammograms were used and they were classified by radiologists into three groups: those with microcalcifications (n = 15), those with tumours (n = 15), and those with no lesions (n = 10). Five mammograms were taken as training data sets from each of the groups with microcalcifications and tumours. The algorithm was then applied to data not taken for training. The algorithm achieved a mean accuracy of 99% compared with the findings of the radiologists.
Introduction
Thanks to the early diagnosis of breast cancer, survival rates have increased while the probability of disease spread and treatment costs have reduced. Early diagnosis of breast cancer is, therefore, crucial. 1 Microcalcifications are very small spots that appear brighter than surrounding normal tissue. 2 In mammography it can sometimes be difficult to identify masses and abnormal areas of tissue, which can often be confused with normal tissue. 3 Irregular and structural defects in particular can be difficult to identify and accurate detection of these is very important. 4,5 Reliable, audited computer-based diagnostic systems provide radiologists, especially those that are somewhat inexperienced, with secondary support. 6 Several methods have been proposed to help with image segmentation and the specification of regions of interest, such as classical image filtering and local thresholding, 7 -10 techniques based on mathematical morphology, 11, 12 stochastic fractal models, 13, 14 wavelet analysis, 15, 16 and multiscale analysis based on a specialized Gaussian and Peitgen function. 17 In addition, various methods have also been B Bayram, U Acar Lesion detection using fuzzy image processing developed to solve the difficulty of characterizing microcalcifications, such as neural networks, linear discriminant analysis, analogy with k-means and artificial plexus. 6 Due to the nature of mammography and the structure of the breast, fuzzy logic is potentially a better choice than traditional approaches in handling mammogram images. 18 Various studies have been reported in the fuzzy logic literature, 19 -24 however the present study reports on the development of an algorithm that has produced accurate results not only for microcalcifications but also for breast tumour masses.
Materials and methods

INTENSITY RANGE IDENTIFICATION IN MAMMOGRAPHY
A total of 40 mammograms were to be used in the study, classified into three groups: those with microcalcifications (n = 15); those with tumours (n = 15); and those with no lesions (n = 10). All of the lesions and data sets were marked and examined by radiology experts.
Five mammograms from each of the group with microcalcifications and the group with tumours were then taken as training sets to determine the range of image intensities for each of the different breast tissue types (microcalcifications and tumours). This procedure was carried out: (i) because mammograms of breast tissue have very low contrast, which can make the distinction between normal and tumour tissue unclear; 25 and (ii) because bones, which include calcium, show on the mammogram with an intensity range of 220 -255. To make the system perform better, an intensity range of 175 -226, which is the range identified by our radiologists as effective for breast tissue lesions (microcalcifications, malignant and benign tumours), was included. It was ascertained that microcalcifications reflect at different levels on different digitizers and mammograms. By making a statistical statement of these thresholds, a fuzzy logic cluster threshold was identified and the brightness of this area was stabilized. Microcalcifications were made dominant by reducing the intensity values of the areas free of microcalcifications to zero.
The following intensity ranges for various tissues were also used in the system: fatty tissues (0 -57), glands (42 -163), connective tissues (201 -255), potentially problematic areas (174 -216), and lesions (212 -225).
DETERMINATION OF THE FUZZY SET MEMBERSHIP FUNCTION
Three membership functions were determined in order to distinguish between problematic areas (tumours and microcalcifications) and other areas. These were: (i) the membership function that reflects accuracy for an area that has intensity close to that of a lesion; (ii) the membership function of an area that has a lower intensity than tumour mass intensity, but is not thought to be a lesion; and (iii) the membership function of an area that has a higher intensity value than tumour mass but is not thought to be a lesion. These three membership functions were used to determine the probability that a pixel with a particular intensity on the mammogram would be linked to one of these functions, i.e. identifying the membership levels (Fig. 1) .
The reason for choosing three rather than two functions, such as tumour mass and other areas, was that the intensity range identifying the masses divides the intensity scale into two, resulting in three membership level thresholds. When formulating the fuzzy logic, the membership function of tumour B Bayram, U Acar Lesion detection using fuzzy image processing mass is unchanged, whereas the two membership functions of dark and light can be darker or lighter. The fuzzy logic, therefore, follows an 'if then' rule-based system of: (i) if dark, then darker (black); (ii) if grey, then doubtful; and (iii) if light, then lighter (white).
In implementing these rule-based systems, intensification, narrowing and expanding operators were used in the development of the membership function. These development operators were used because it was known that the desired outcome in any specific case would not simply be obtained by making it fuzzy with only cluster processing followed by defuzzyfication; modifications were needed to obtain the required outcome with the fuzzy functions. In defining the fuzzy function in the study, either a triangular or trapezoid function (Fig. 1) was preferred. Despite its complexity, the trapezoid function did not contribute additional features and, therefore, the triangular function was preferred.
To ensure that the membership levels reflected the mammogram image, defuzzyfication was undertaken. This was essential because computers operate through Aristotelian logic, and the choice of defuzzyfication depends on the type of fuzzy function and the outcome required. We used the centre of gravity defuzzyfication method, this being one that is most commonly used for finding a solution for any type of output clusters. In this method, the centre of gravity is the output cluster and the value meeting this centre is taken as the absolute value.
After defuzzyfication, the results were tested with the data sets that had not been used as training data and the results compared with the findings of radiologists.
Results
The present study showed that the rule-based fuzzy logic approach to microcalcifications was very efficient, and that microcalcifications and tumour masses of various densities could be detected automatically using this approach on digitized mammograms.
When the fuzzy logic approach was compared with the findings of radiologists, there was a 98%, 99% and 100% agreement for the groups with microcalcifications, tumours and no lesions, respectively. Despite Figures  2B and 3B show the results from the fuzzy logic algorithm for microcalcification and malignant breast tumour, respectively. For comparison, images processed through three, five and 10 unsupervised classes, respectively, are shown in Figs 2C, 2D and 2E for microcalcification and in Figs 3C, 3D and 3E for malignant breast tumour. These demonstrate that it is difficult to distinguish between the various types of tissue and thus accurate interpretation is hindered. Likewise, it can be seen from the images in Figs 2F and 3F for microcalcification and malignant breast tumour, respectively, that maximumlikelihood classification by considering the grey level thresholds identified by medical experts is difficult.
Discussion
The low resolution of breast structure on some mammograms means that a diagnosis of cancer can be delayed or go undetected. The algorithm developed in the present study will serve as a helpful tool for early diagnosis. Considering the rate of missed breast cancer cases worldwide, even if there was just a 1% improvement in early diagnosis as a result of using this algorithm, it would greatly increase the number of 26 stated that the maximum-likelihood method produced good results, as was also stated by Cahoon et al., 24 compared with conventional segmentation algorithms, the algorithm developed in the present study was shown to be successful in the cases tested. Studies are, therefore, being carried out for further testing.
Variations in the shape of microcalcifications mean that the use of fuzzy logic to perform approximate inferences is appropriate. Despite the determination of fuzzy membership not being easy, 27 the present study obtained accurate results with the fuzzy membership functions used in the algorithm that has been developed. The study ascertained that lesions produce reflections at different intensity ranges on different digitizers and mammograms. By making a statistical statement for these thresholds, the fuzzy logic cluster threshold was identified and the brightness of this area stabilized. Microcalcifications were made dominant by reducing the grey levels of the areas that were free of microcalcifications to zero.
Both the unsupervised and maximumlikelihood classifications are interactive methods for the detection of cancer. They are, therefore, time-consuming for doctors. On the other hand, the method developed here is an automatic process that uses fuzzy logic and image enhancement algorithms. We believe that other fuzzy logic implementations, along with the use of neural networks and genetic algorithms, may provide solutions to other types of problems similar to that encountered in breast cancer diagnosis.
